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INTRoDUcTIoN





by	 volunteers	 from	 around	 the	 world,	 working	
together	over	the	Internet.	The	core	development	
team	consists	of	fewer	than	twenty	programmers	
who	 maintain	 and	 develop	 the	 general	 R	
environment,	with	contributions	from	many	others.	
A	 much	 larger	 number	 of	 contributors	 write	
individual	 statistical	packages	 for	R	 that	 address	
specific	needs.	
Statisticians	 and	 researchers	 write	 many	 of	
these	statistical	packages	for	their	own	research	
purposes,	 ensuring	 that	 R	 is	 in	 the	 forefront	
of	 developments	 in	 statistics.	 Another	 of	 R’s	
strengths	 is	 the	 ease	 with	 which	 well-designed	
publication-quality	 plots	 can	 be	 produced,	
including	 mathematical	 symbols	 and	 formulae	
where	needed.	
On	 the	 down	 side,	 if	 you	 are	 used	 to	 point-
and-click	 interfaces,	 you	 may	 find	 that	 R	 has	
a	 relatively	 steep	 learning	 curve.	 As	 one	 of	 the	







genetic	 resources	 data,	 facilities	 not	 commonly	
found	 in	 other	 statistical	 packages.	 We	 also	
believe	that	with	a	step-by-step	guide,	providing	
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This	tutorial	provides	such	a	guide,	beginning	with	simple	examples	
that	 soon	 demonstrate	 the	 power	 of	 R,	 and	 allows	 users	 to	





specific	 aspects,	 or	 reference	 works,	 the	 reader	 is	 referred	 to	 the	
wide	range	of	freely	available	manuals	that	can	be	downloaded	by	






R	 can	 be	 downloaded	 from	 the	 main	 website	
http://www.cran.r-project.org	
Under	 the	 heading	 Download and Install R,	
the	 Windows	 bullet	 is	 the	 hypertext	 link	 for	
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Clicking	the	hypertext	link	base	gives	the	screen:
The	R-X.X.X-win32.exe	file	can	be	saved	to	your	local	desktop	by	a	










Choose	 the	 language	 you	 would	 like	 to	 use	 during	 installation	 and	
press	OK.	You	will	be	taken	to	the	next	screen.

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Select	 the	 Next	 button.	 Continue	 to	 choose	 the	 default	 selections	










Statistical Analysis for Plant Genetic Resources
Choose	 Next,	 which	 will	 give	 you	 the	 window	 below	 to	 select	 the	








From	 here	 onwards,	 just	 press	 Next	 at	 every	 step,	 choosing	 the	
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data	 or	 evaluation	 data,	 this	 analysis	 produces	 a	
dendrogram	showing	the	approximate	relationships	
among	a	set	of	accessions.
R	 has	 a	 very	 wide	 range	 of	 options	 for	 cluster	
analysis.	This	section	looks	at	the	most	commonly	
used	and	straightforward	ones.
We	 will	 start	 with	 an	 example	 using	 Anderson’s	
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You	will	 see	 that	 there	 are	150	accessions	belonging	 to	3	different	








Cluster	 analysis	 may	 serve	 a	 number	 of	 purposes	 in	 plant	 genetic	
resources	work:	
Where	 at	 least	 some	 characterization	 data	 exists	 for	 an	 entire	
collection,	a	genebank	curator	may	use	clustering	to	decide	the	order	in	
which	 the	plots	are	 laid	out	 in	 the	 field,	 so	 that	morphologically	similar	

















For	 the	 researcher,	 clustering	 can	 help	 understand	 the	 structure	 of	
diversity	in	relation	to	a	large	number	of	factors,	e.g.	farmer	variety	names;	
distribution	 of	 diversity	 among	 farmers,	 villages,	 districts	 or	 other	 units;	
and	the	levels	of	similarity,	dissimilarity	or	diversity	of	the	accessions	found	








structure.	 Ordination	 methods	 may	 be	 more	 useful	 in	 understanding	
the	 underlying	 variables	 in	 clusters,	 though	 posterior	 tabulation	 and	
regression	may	also	help	to	identify	contributing	variables.
0
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The	 three	 lines	 of	 code	 above	 illustrate	 the	 three	 steps	 of	 a	
hierarchical	 cluster	 analysis:	 creating	 a	 distance	 or	 dissimilarity	
matrix	 [dist()];	 clustering	 or	 agglomeration	 [hclust()];	 and	
plotting	 [plot()].	 The	 terms	 distiris	 and	 hclustiris	 are	
names	that	we	have	given	the	outputs	of	the	each	of	the	analyses.	
We	 have	 tried	 to	 make	 these	 names	 descriptive,	 so	 that	 we	 can	
easily	 remember	 them,	 but	 we	 could	 have	 used	 any	 name.	 In	 R,	
these	outputs	are	known	as	objects.
The	 command	 iris[,1:4]	 indicates	 that	 you	 are	 analysing	 the	
data	in	columns	one	to	four	of	the	iris	dataset.	The	square	brackets	
are	used	to	select	a	subset	of	the	dataset,	with	numbers	before	the	
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Remember that capitalization 
and accurate spelling are 
important. If you write 
iris$species you will not 
get your labels. You need the 
capital S in Species, because 
that is how it is spelt in the data 
set. Even worse, if you write 
“Average” with a capital A or 
make a spelling mistake in that 
option, R will use the default 
“complete” option and you 
may never notice the mistake!
in	R	uses	“complete”	linkage	as	its	default	method.	We	prefer	to	use	
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We	can	now	see	that	 the	cluster	analysis	separates	the	accessions	










change,	which	some	prefer.	 It	does	not	change	 the	analysis	 in	any	
way.	 You	 can	 also	 try	 changing	 the	 cex	 value,	 which	 determines	
relative	font	sizes.
Now	 try	 doing	 the	 analysis	 using	 the	 option	 method=“ward”	 by	
using	the	upward	arrow	on	your	keyboard	to	recall	the	line	with	the	
hclust() function,	 replacing	 the	word	 “average”	with	 “ward”,	
and	pressing	‘Enter’.	Use	the	upward	arrow	again	to	recall	the	line	
with	 the	 plot()	 function	 and	 press	 ‘Enter’.	 How	 did	 the	 figure	
change?
Interpreting a hierarchical cluster 
dendrogram
The	 hierarchical	 cluster	 dendrogram	 represents	 the	 relationships	
among	 the	 accessions	 in	 terms	 of	 approximate	 distances,	 based	
on	 morphological	 traits.	 The	 distance	 between	 two	 accessions	 is	
approximately	proportional	 to	 the	height	of	 the	horizontal	 line	 that	
joins	the	two	groups	that	the	accessions	are	in.	So	looking	at	Figure	





In	 hierarchical	 cluster	 displays,	 the	 program	 needs	 to	 decide	 at	





We also sneaked in the $ 
sign in iris$Species. This 
is used when you want to 
select a specific component 
of the dataset, so in this case 
iris$Species indicates 
the variable Species in the 
dataset iris.

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R is written by a large number 
of people around the globe 
that each maintains a package 
(or library) of functions (or 
procedures). Some of the 
functions that you typed 
above, like hclust() and 
plot() are base functions 
and can be called without 
loading any library, but the 
function reorder.hclust() 
is in the package gclus, 
which therefore needs to be 
downloaded and loaded before 
the function can be used. 
It	 is	possible	 in	R	 to	 re-order	 the	clusters	 to	give	a	more	 intuitive	






If	 you	 are	 connected	 to	 the	 Internet	 it	 is	 easy	 enough	 to	 install	
gclus.	 Just	 click	 “Packages|Install	 package(s)…”,	 select	 gclus	
from	the	menu	and	click	OK	(Figure	4).
If	 you	 are	 not	 connected	 to	 the	 Internet,	 but	 have	 the	 software	
package	 on	 a	 CD,	 the	 procedure	 is	 almost	 the	 same.	 Just	 click	












both	 distances	 as	 approximately	 Height	 4,	 you	 have	 no	 way	 of	
telling	how	much	closer	 the	 first	 two	accessions	are.	This	display	
could	be	very	useful	for	ordering	accessions	in	demonstration	plots	
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Importing your own data
Entering	your	data	directly	 into	R	 is	a	 tedious	process,	 to	say	 the	
least;	 it	 is	 simpler	 to	 enter	 your	data	 into	 a	program	 like	Excel	 or	
Access	 first,	 in	 rows	 and	 columns,	 and	 then	 export/save	 it	 as	 a	
tab-delimited	text	file.	This	tutorial	assumes	that	you	have	one	(and	
only	one)	row	at	the	top	that	gives	the	name	of	each	variable	(see	
Figure	6).	 For	 the	 following	 exercises	 we	 will	 use	 a	 data	 set	 from	
Appa	Rao	and	Mushonga	 (1987)	 that	 contains	both	passport	 and	




A word of warning about 
Excel: if some cells outside 
the data area contain, or 
have previously contained, 
information this can make 
it impossible to import the 
exported text file into R. The 
solution is always to copy just 
the part of the spreadsheet 
containing the data that 
you want onto a new, clean 
spreadsheet before saving 
this as a tab-delimited text 
file. I recommend using tabs 
rather than a comma or a 
space to separate variables, 
because tabs are rarely found 
in normal text.
Figure 7. The	 tab-delimited	 file	 Sorghum_Data.txt	 opened	 in	
notepad.

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Table 1. Variables	in	the	sorghum	data	set.	


















































your	 own	 choice	 of	 file	 names.	 You	 have	 just	 created	 a	 data	
object	 (‘sorghum’	 or	 whatever	 name	 you	 gave	 it)	 of	 the	 type	
R	 calls	 a	 dataframe.	 The	 option	 header=T	 or	 header=TRUE	
indicates	 that	 you	 have	 a	 header	 row	 with	 variable	 names.	 The	
option	sep=”\t” tells	the	program	that	you	have	delimited	your	
variables	using	tabs.	
R	 has	 a	 long	 list	 of	 other	 ways	 to	 import	 data,	 including	 linking	
directly	 to	 and	 from	 almost	 any	 database,	 e.g.	 Access.	 For	 more	
on	these	other	options,	click	“Help|Manuals|R	Data	Import/Export”	
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light data validation















variables	 in	your	data	set,	say	what	 the	variable	type	 is,	and	even	
show	you	samples	of	the	data	in	the	variable.	We	will	return	to	the	




your	 data.	 Look	 carefully	 at	 the	 maximum	 and	 minimum	 values	
for	each	numerical	variable.	Are	 they	within	 the	expected	 range?	
For	factor	variables	with	only	a	few	levels,	you	will	see	how	many	
entries	 there	 are	 for	 each	 level.	 For	 factor	 variables	 with	 many	
levels,	e.g.	a	list	of	variety	names	with	the	variable	name	LOCAL.
NAME,	 the	 table()	 command	 may	 be	 more	 useful	 (remember	
capitalization!):
table(sorghum$LOCAL.NAME)
There	 are	 several	 examples	 of	 inconsistently	 spelled	 names.	 Can	
you	spot	some	of	them?
9
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Bedhlana Bimba Bimbe Chetacheya Chibedlani
1 1 1 2 1
Chibedyane Chibuku Chibulanye Chifumbata Chikombe
1 1 1 8 2
Chikondoma Chikota Chikrochani Chimhondoro Chimondo
1 7 1 1 1
Chimutode Chinzetu Chiota Chiponda Chitate
1 1 1 1 2
Chiunda Chivedyana Chivendaw Compact 
head
Dewe
1 2 1 1 1
Fumbata Gangara Gangare Gwusi Impala
1 4 1 1 1
Isifumbata Jayta Kabhuruwayo Kanzwono Loose head
1 1 2 1 1
Maboyana Mabumbe Malandisa Mashava Masintiri
1 1 3 2 1
Matipa Matserendende Mavoyana Mayakayaka Mayere
2 1 1 1 1
Mbwende Mhando Mhonda Mhonde Mososo
1 1 1 1 1
Muchaini Muise Mungonellengo Mungore Murara
2 1 2 2 1
Mururu Musoso Mutanda Mutode Ngaima
1 2 1 3 1
Ngumane Nzende Nzetu Pumbata 
White
Red Swazi
4 1 2 1 1
Rongwe Rudebare Rugare Rundende Rundewda
1 2 1 3 1
Rundunde Rushutura Rusutura Segobane Tswedani
1 1 1 1 2
Tsweta Udayakayaka Umkumbe Vedyana Zangewaya
17 1 1 3  1 
Data types – critical distinctions
We	 indicated	 earlier	 that	 we	 would	 talk	 more	 about	 data	 types,	
so	 here	 goes.	 The	 states	 that	 form	 a	 descriptor	 may	 be	 of	
qualitative	or	quantitative	nature,	as	such	descriptors	take	several	
mathematical	 types.	 In	 the	 IPGRI/Bioversity	 descriptor	 lists,	
the	 descriptors	 are	 classified	 as	 biological	 (characterization	
and	 evaluation	 descriptors),	 taxonomic	 (species,	 sub-species),	
geographical	 (longitude,	 latitude,	 topography),	 ethnobotanical	
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The	 mathematical	 type	 of	 a	 descriptor	 determines	 the	 statistical	
functions	 that	 can	 be	 employed	 for	 its	 analysis.	 For	 example,	
parametric	 correlations	 (Pearson’s	 r)	 may	 be	 calculated	 between	
quantitative	 descriptors,	 while	 non-parametric	 correlations	 (such	
as	 Kendall’s	 τ )	 may	 be	 used	 on	 ordered	 descriptors	 that	 are	 not	
quantitative,	 and	 chi-squared	 for	 qualitative	 descriptors.	 This	 is	 a	
critical	 point.	 It	 is	 not	 just	 that,	 for	 example,	 correlation	 does	 not	
work	with	factors,	but	that	it	does	not	make	sense.	The	three	main	
mathematical	 types	 of	 descriptors	 that	 we	 will	 deal	 with	 here	 are	
classified	as	Numeric,	Factor	and	Ordered	factors	in	R.	Table	2	shows	
how	these	relate	to	some	common	morphological	descriptors.
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A	bit	of	good	practice:	solve	the	problem	at	its	root	and	do	not	code	
levels	 of	 qualitative	 factors	 as	 1,	 2,	 3.	 In	 the	 example	 above	 use	
“red”,	“blue”	and	“green”.	That	way	you	avoid	forgetting	to	recode	
the	variables	and	avoid	forgetting	what	the	coding	means!
R	will	 automatically	 identify	alphanumeric	variables	 (variables	with	
letters,	or	letters	and	numbers)	as	Factors	and	will	identify	numeric	
variables	 as	 either	 numeric	 (if	 they	 have	 decimals)	 or	 integers	 (if	
they	have	no	decimals).	However,	when	Factor	variables	are	coded	
using	numbers,	R	can	obviously	not	detect	this	by	itself.	R	can	also	
not	detect	 if	a	variable	 is	an	ordered	 factor,	or	detect	 the	order	of	





















Saving your work, exiting R and getting back
At	this	point	you	may	want	to	save	your	work,	close	R	and	take	a	
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You	 can	 exit	 R	 with	 “File|Exit”.	 When	 prompted	 to	 save	 your	







Selecting a subset of your data to analyse
For	almost	all	analyses	that	you	do,	you	will	want	to	select	a	subset	
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Though	 you	 get	 a	 pretty	 nice	 dendrogram,	 it	 was	 based	 on	 only	





root	 of	 the	 sum	 of	 the	 squared	 distances	 along	 each	 dimension/
variable)	 by	 default,	 but	 can	 also	 calculate	 maximum,	 Manhattan,	
Canberra	or	binary	distances;	none	of	them	are	suitable	for	Factor	
variables.	 In	 practical	 terms,	 this	 means	 that	 we	 cannot	 use	 the	
function	dist().	But	R	has	solutions,	so	read	on!
cluster analysis with mixed data types
It	 is	 disturbingly	 common	 to	 see	 a	 cluster	 analysis	 of	 mixed	 data	





As	 an	 alternative,	 R	 provides	 a	 function	 daisy()	 in	 the	 library	
cluster	 (Struyff	 et al.,	 1996)	 based	 on	 a	 general	 coefficient	 of	
dissimilarity	 proposed	 by	 Gower	 (1971).	 This	 combines	 different	
types	of	descriptors,	and	processes	each	one	according	to	its	own	
mathematical	type.	










Before	 going	 on,	 select	 ‘History|Recording’	 on	 the	 menu	 in	 the	
graphics	window.	This	will	store	the	graphs	that	you	create	for	the	
rest	of	 the	session	and	you	can	move	back	and	 forth	 through	 the	
session’s	graphs	by	using	the	page	up	and	page	down	keys.

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Now	try	embellishing	the	last	two	lines	a	bit	to	change	the	method	
of	agglomeration,	add	variety	names	as	labels	and	reduce	the	font	
size.	There	 is	no	need	 to	execute	 the	 first	 two	 lines	again	as	 you	









Have	 a	 careful	 look	 at	 how	 the	 farmer	 variety	 names	 are	 spread	
across	 the	 cluster	 dendrogram	 in	 Figure	10.	 This	 shows	 just	 how	











What does daisy() do?
The	function	slightly	extends	Gower’s	definition	so	as	to	cover	ordinal	and	





•	 f	binary	or	nominal:	d=0	if	xif	=	xjf,	and	d  		=1	otherwise,
•	 f	interval	scaled:	d  		=	 ,
•	 f	ordinal	or	ratio-scaled:	compute	ranks	rif	and	zif	=		 and		
			treat	these	zif	as	interval-scaled,









































dissimilarity	 matrix	 is	 represented	 graphically.	 One	 way	 of	 looking	
at	this	is	that	the	distances	represented	on	the	diagram	should	be	
as	close	as	possible	to	the	distances	in	the	distance	or	dissimilarity	
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cophenmorph<-cophenetic(hclustreord)














tests,	we	see	 that	 in	 this	case	 the	method	“average”,	commonly	
known	as	UPGMA	(Unweighted	Pair	Group	Method	with	Arithmetic	
mean),	has	by	far	the	highest	correlation	coefficient,	which	makes	
it	 easy	 to	 interpret	 and	 probably	 goes	 a	 long	 way	 to	 explaining	
its	 popularity.	 This	 does	 not	 necessarily	 imply	 that	 it	 correctly	
addresses	 a	 third	 question,	 namely	 “How	 well	 does	 it	 cluster	




With	 larger	 data	 sets,	 dendrograms	 become	 unwieldy	 and	 can	
be	 impossible	 to	 display	 on	 one	 page.	 It	 can	 then	 be	 useful	 to	
show	 just	 the	 upper	 part	 of	 the	 dendrogram.	 This	 can	 be	 done	
with	a	number	of	different	 functions	 in	R,	but	my	own	preference	
is	 the	 function	 clip.clust() from	 the	 package	 maptree.	 As	
with	 vegan,	maptree	 is	 a	 contributed	 package	 and	 needs	 to	 be	
downloaded	and	installed	prior	to	use.	Since	some	of	the	commands	
in	maptree	depend	on	 functions	 in	 the	package	combinat,	 this	
package	is	downloaded	automatically	with	maptree.
How	 do	 you	 decide	 where	 to	 prune	 a	 hierarchical	 cluster	 tree?	












The	 lowest	 value	 shows	 you	 the	 optimum	 number	 of	 clusters,	
in	 this	 case	 9	 clusters	 (see	 Figure	 11)².	 Like	 with	 so	 much	 in	
cluster	 analysis,	 do	 not	 take	 this	 as	 the	 definitive	 answer.	 You	
may	 well	 have	 other	 reasons	 to	 select	 a	 different	 number,	 such	
as	 a	 requirement	 to	 select	 a	 specific	 number	 of	 accessions	 that	
represent	 a	 collection	 as	 well	 as	 possible.	 There	 are	 almost	
certainly	 other	 methods	 that	 will	 give	 you	 other	 conclusions.	
Nonetheless,	this	is	a	useful	guide.
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clipreord<-clip.clust(hclustreord,sorghum,k=9)
plot(clipreord)






 1 2 3 4 5 6 7 8 9 
 6 10 2 55 17 23 13 8 3
Typing	the	object	name	groupk9	will	give	you	group	membership	
for	each	accession	 in	 the	order	 that	 the	accessions	appear	 in	 the	
dataframe:
groupk9
The	 output	 can	 be	 a	 bit	 difficult	 to	 decipher,	 so	 try	 binding	 the	
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You	can	see	group	membership	against	each	accession	number	with:
subset(sorghum,select=c(TGR,groupk9))
The	 select	 statement	 selects	 the	 variables	 to	 display.	 This	
arrangement	 of	 the	 dataframe	 now	 opens	 up	 table	 views	 that	
can	give	a	better	 idea	of	 the	properties	of	each	cluster.	Using	 the	




 1 2 3 4 5 6 7 8 9
C 1 0 1 52 17 23 13 8 3
D 4 10 1 3 0 0 0 0 0






rises	 exponentially	 with	 the	 number	 of	 accessions,	 hierarchical	





This	 tutorial	 focuses	 on	 the	 analysis	 of	 morphological	 characterization	
data,	as	there	are	many	other	guides	to	the	analysis	of	molecular	data.	





Contrary	 to	 the	 way	 that	 other	 variables	 are	 defined	 in	 the	
dataframe	 itself,	 asymmetric	 binary	 variables	 are	 defined	 when	
executing	 daisy().	 For	 example,	 if	 the	 data	 set	 sorghum	 had	
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To	see	what	other	functions	the	package	contains	try	typing:
library(help=cluster)
Another	 package	 with	 a	 more	 eclectic	 range	 of	 functions	 that	
perform	 what	 is	 called	 model-based	 clustering	 is	 the	 package	
mclust,	described	by	Fraley	and	Raftery	(2002).
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Richness, Shannon-weaver and 
Simpson
In	 ecological	 research,	 a	 number	 of	 indices	 are	
often	used	to	measure	species	diversity	in	different	
communities.	 After	 ‘richness’,	 which	 is	 simply	 the	
number	 of	 species	 represented	 in	 the	 community,	
the	 two	 most	 common	 indices	 are	 probably	 the	
Shannon-Weaver	 index	 and	 the	 Simpson	 index.	
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The	 Shannon-Weaver	 index	 combines	 a	 measure	 of	 richness	 with	
a	 measure	 of	 evenness.	 Higher	 values	 indicate	 more	 diversity.	 The	




clusters	 instead	 of	 species.	 Magurran	 (1998)	 and	 Kindt	 and	 Coe	
(2005)	 provide	 more	 detailed	 descriptions	 of	 diversity	 indices	 and	





gives	 us	 the	 number	 of	 accessions	 collected	 from	 each	 group	 in	
each	province.	The	columns	represent	the	groups	and	the	rows	the	
provinces:
   1 2 3 4 5 6 7 8 9 
 MDL 0 7 0 19 2 4 0 5 1
 MLC 2 1 0 2 3 3 0 0 1
 MLN 0 0 0 8 1 1 0 0 0
 MLW 0 0 1 4 0 4 4 0 0
 MNL 1 1 0 3 3 7 9 1 1
 MSV 3 1 1 19 8 4 0 2 0
This	type	of	table,	with	the	numbers	or	frequencies	of	each	species	
or	group	membership	for	each	site	or	area,	is	known	as	a	community	







MDL MLC MLN MLW MNL MSV 




function (x, MARGIN = 1) 
{

Statistical Analysis for Plant Genetic Resources
  apply(x > 0, MARGIN, sum)
}
The	function	simply	applies	the	function	sum	along	the	‘margin 1’,	
i.e.	 in	our	 example,	 it	 calculates	 the	 sum	of	 varieties	 found	 (more	
than	0	times)	in	each	province	in	the	table	provk9.
For	 comparison,	 the	 number	 of	 accessions	 collected	 in	 each	
province	can	be	obtained	using:
table(sorghum$PROV)
MDL MLC MLN MLW MNL MSV 
 38 12 10 13 26 38
The	 package	 vegan	 has	 a	 function,	 diversity() that	 can	
calculate	both	 the	Shannon-Weaver	 index	and	 the	Simpson	 index	





Figure 13. Shannon-Weaver	 index	 for	 intra-specific	 sorghum	
diversity	based	on	nine	morphological	groups.




























Rolling your own function
If	your	objective	were	to	evaluate	a	town’s	contribution	to	Zimbabwe’s	




question	to	my	satisfaction,	 I	developed	my	own	 index.	This	 is	an	
index	that	weights	each	cluster	for	rareness,	by	dividing	the	number	














Statistical Analysis for Plant Genetic Resources
ci <- function(x, MARGIN = 2)
{
  x <- as.matrix(x)
  Ai <- apply(x, MARGIN, sum)
  qq <- function (aij)
   { 
   sqrt(aij/Ai)
  }
  Q <- apply(x, 1, qq)
  P <- apply(Q, 2, sum)
  P
}









Figure 14. Plot	 of	 CI	 scores	 against	 richness	 in	 each	 province	 in	
Zimbabwe.
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we	see	 that	although	both	MDL	and	MLC	have	six	clusters	each,	
MDL	 scores	 higher	 on	 the	 CI	 scale,	 because	 the	 clusters	 in	 the	
province	are	rarer	and	therefore	contribute	more	to	the	overall	level	













species	 diversity,	 because	 barriers	 to	 gene	 flow	 among	 species	
result	 in	 fairly	discrete	units.	However,	when	used	 for	 the	analysis	
of	 intra-specific	diversity	 the	assumption	of	distinct	classes	within	
species	 is	 less	 well-founded,	 partly	 because	 there	 may	 be	 quite	
significant	gene	flow	within	species	and	partly	because	of	difficulties	




number	of	units	 is	 the	 function	anosim()	 in	 the	package	vegan.	






its	 interpretation	 can	 be	 a	 bit	 challenging.	 The	 boxes	 show	 the	
minimum,	first	quartile,	median,	third	quartile	and	maximum	rank	of	
the	dissimilarities	within	each	province,	e.g.	the	median	dissimilarity	
within	 the	 Manicaland	 Province	 (MNL)	 is	 ranked	 3837th	 and	 the	
highest	dissimilarity	 is	 ranked	9295th	of	 the	 total	9316	dissimilarity	
values	in	the	matrix.	The	boxes	are	drawn	with	widths	proportional	
to	the	square-roots	of	the	number	of	observations	in	the	groups.
One	 observation	 that	 we	 make	 in	 Figure	 15	 is	 that	 the	 median	
dissimilarity	 rank	 for	 MLC	 is	 substantially	 higher	 than	 any	 of	 the	

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others,	 indicating	 that	 diversity	 may	 in	 fact	 be	 high	 in	 MLC.	 With	














R =  0.082 ,  P =  0.001
Figure 16. Boxplot	of	the	rank	order	of	dissimilarities	by	species	in	
Anderson's	iris	dataset. 













R =  0.879 ,  P =  < 0.001







In	 this	 example,	 Figure	 16	 shows,	 not	 surprisingly,	 that	 most	 of	
the	 dissimilarity	 is	 between	 species,	 with	 much	 less	 dissimilarity	
within	 species.	 Most	 of	 the	 samples	 of	 the	 species	 Iris setosa	
are	very	similar	 to	each	other,	but	 there	are	a	 few	outliers	that	are	
morphologically	distinct	from	the	rest	of	the	samples	of	the	species.	




look	 at	 how	 we	 could	 use	 some	 of	 the	 common	 diversity	 indices	
with	intra-specific	diversity	based	on	morphological	data.	We	briefly	
looked	 at	 how	 we	 might	 develop	 our	 own	 function,	 in	 this	 case	
to	 take	 account	 of	 each	 region’s	 contribution	 to	 overall	 diversity	
in	 the	 study	 area.	 We	 also	 looked	 at	 how	 we	 could	 deal	 with	 the	
continuous	 nature	 of	 intra-specific	 diversity,	 which	 rarely	 exists	 in	
discrete	units.	
This	 tutorial	 has	 been	 a	 stepwise	 guide	 through	 the	 analysis	 of	
morphological	characterization	data	and	the	specific	problems	that	
their	 mathematical	 properties	 present.	 I	 have	 seen	 users	 with	 no	
experience	of	R	go	through	these	steps	one	line	at	a	time,	modify	
the	code	to	deal	with	 their	own	data	and	get	 the	 results	 that	 they	
want.	 At	 the	 same	 time,	 this	 is	 not	 a	 complete	 introduction	 to	 R,	






















1. “Error: Object " . . . " not found”
You	have	tried	to	execute	a	 function	without	 first	
loading	 the	 library	 or	 package	 that	 contains	 the	
function.	Solution:	load	the	library	or	package.
2. I can’t read the text in the cluster 
diagrams; it’s too small and cramped.









R	 is	 sensitive	 to	 capitalization;	 if	 the	 variable	 is	
called	iris$Species,	 then	iris$species	will	






4. “Error in file(file, "r") : unable to open 
connection”
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6. My data won’t import (b)
The	 only	 other	 problem	 I	 know	 of	 that	 messes	 up	 importing	 of	 a	
simple	data	set	of	rows	and	columns	is	when	you	have	apostrophes	
in	some	of	your	variables,	e.g.	names	like	n’goni.	As	far	as	I	know,	
you	 have	 to	 remove	 the	 apostrophes	 before	 importing	 the	 data.	
Accents	and	most	other	symbols	present	no	problem.
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